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1. A crucial step in the use of DNA markers for biodiversity surveys is the assignment of Linnaean 23 taxonomies (species, genus, etc.) to sequence reads. This allows the use of all the information 24 known based on the taxonomic names. Taxonomic placement of DNA barcoding sequences is 25 inherently probabilistic because DNA sequences contain errors, because there is natural 26 variation among sequences within a species, and because reference databases are incomplete 27 and can have false annotations. However, most existing bioinformatics methods for taxonomic 28 placement either exclude uncertainty, or quantify it using metrics other than probability. 29 2. In this paper we evaluate the performance of a recently proposed probabilistic taxonomic 30 placement method PROTAX by applying it to both annotated reference sequence data as well 31 as unknown environmental data. Our four case studies include contrasting taxonomic groups 32 (fungi, bacteria, mammals, and insects), variation in the length and quality of the barcoding 33 sequences (from individually Sanger-sequenced sequences to short Illumina reads), variation 34 in the structures and sizes of the taxonomies (from 800 to 130 000 species), and variation in 35 the completeness of the reference databases (representing 15% to 100% of the species). 3. Our results demonstrate that PROTAX yields essentially unbiased assessment of probabilities 37 of taxonomic placement, and thus that its quantification of species identification uncertainty is 38 reliable. As expected, the accuracy of taxonomic placement increases with increasing coverage 39 of taxonomic and reference sequence databases, and with increasing ratio of genetic variation 40 among taxonomic levels over within taxonomic levels.
Introduction

52
In this paper, we use the term 'DNA barcoding' to refer to molecular species identification with 53 the help of 'barcoding' genes, which are short sequences of DNA that vary greatly between 54 species but little within species (Hebert et al. 2003) . DNA barcoding has revolutionized biological 55 studies by increasing the speed and reliability of assigning Linnaean taxonomies to biological 56 specimens (Ratnasingham and Hebert 2007) . When combined with high-throughput sequencing, 57 barcoding can be applied to bulk samples or environmental DNA, which approach we call here 58 'DNA metabarcoding' (Taberlet et al. 2012; Yu et al. 2012) . 59 In the metabarcoding pipeline, DNA is extracted from a bulk sample containing potentially 60 multiple species, a taxonomically informative gene is PCR-amplified, and the resulting PCR-61 products are sequenced. The raw sequence output is processed through a bioinformatics pipeline 62 that includes denoising and removal of low quality and chimeric sequences, assignment of 63 sequences to their samples, and grouping similar sequences into 'operational taxonomic units' 64 (OTUs). OTUs are meant to represent distinct biological taxa, usually distinct species. The term 65 OTU indicates that the clusters are not necessarily biological species but that they can be 66 considered as species hypotheses. This is because OTUs are typically defined phenetically using a 67 sequence-similarity threshold. Finally, in a crucial step, the researcher wishes to know the species 68 identities behind the OTUs, i.e. to place them into a Linnaean taxonomy. 69 Taxonomic placement of OTUs to high-level ranks (phylum, class, order) is relatively 70 straightforward (e.g. Yu et al. 2012) , whereas placement to lower ranks (family, genus, species) 71 has remained more difficult. This is partly because of the limited information contained in the 72 short sequences generated by high-throughput sequencing platforms, and partly because of the Database System (www.boldsystems.org, accessed 5 Aug 2016) encounters the warning "this 77 search only returns a list of the nearest matches and does not provide a probability of placement 78 to a taxon". As we discuss in more detail below, the ability to conduct reliable low-level taxonomic 79 placement would make major contributions to species-level analyses, community-level analyses, 80 as well as metabarcoding methodology itself.
81
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The value of assigning species names to barcoding sequences is that it allows one to link the 82 samples to the rest of our vast biological knowledge (Janzen et al. 2005 
Materials and methods
165
We consider four case studies, for each of which we use three kinds of data: a taxonomy database, 166 a reference sequence database, and environmental sequences originating from an empirical study 167 ( Table 1 ). The case studies vary greatly in many aspects: their taxonomic scopes (mammals, fungi, 168 insects and bacteria), the sizes and coverages of the taxonomies and the reference databases, the 169 barcoding gene used, and the sequencing technology applied. These influence e.g. the level of 170 overlap among genetic variation between consecutive taxonomic levels ( 
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The copyright holder for this preprint (which was . http://dx.doi.org/10.1101/070573 doi: bioRxiv preprint first posted online  generally easier to identify insects or fungi. Instead, they are selected to be diverse in order to 174 illustrate the many kinds of issues that influence the accuracy of taxonomic placement. 175 For each case study, we first utilized the taxonomy and reference sequence databases to 176 parameterize the PROTAX statistical model. To do so, we followed Somervuo et al. (2016) , except 177 for small modifications that we describe below. We then used the parameterized model to classify sequences are available, and species that are missing from the taxonomy. 187 We first describe the three data types (taxonomy database, reference database, and 188 environmental data) that we acquired for each case study, as well as make some remarks about 189 the particularities of each case study. We then explain how PROTAX was fit to these data and how 190 we assessed PROTAX's performance in probabilistic taxonomic placement. Remarks. As here both the taxonomy database as well as the reference database are specifically 230 tailored to the environmental data, and as here the environmental sequence data consist of high 231 quality sequences, this case study is aimed to illustrate a best case scenario.
232
. Environmental sequences. We used fungal ITS2 sequences originating from the study of Environmental sequences were clustered using UCLUST (Edgar 2010) with 99% identity threshold.
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Remarks. This case study is aimed to illustrate how PROTAX copes with a very large taxonomy that 257 is only poorly covered by reference sequences. We further use the fungal case study to examine 258 how additional information can be incorporated into the PROTAX model: in addition to the 259 baseline model, we constructed an alternative model, where we gave more weight to species that 260 are expected to be found from the geographic area where the sampling was conducted (for more 261 details, see below).
262
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Identifying bacteria from a food production pipeline 263 Taxonomy database. The taxonomy used for bacteria is different from other taxonomies in the 264 sense that it is not an independent Linnaean taxonomy but it was generated from the Ribosomal Remarks. As noted above, the bacterial case study differs fundamentally from the other case 284 studies as the taxonomy database is not independent of the reference sequence database.
285
Compared especially to mammals and Greenland insects, the taxonomy is likely to be incomplete.
286
Thus with this case study we were interested in examining whether the environmental sample 287 includes a high fraction of material that PROTAX would classify to belong to missing branches. We generated training data to parameterize the PROTAX model as described in Somervuo et al.
317
(2016), i.e. by modifying both the taxonomic tree itself as well as its coverage by the reference 318 sequences to mimic the different kinds of outcomes: (i) known species with reference sequences, 319 (ii) known species without reference sequences, and (iii) unknown species or unknown higher 320 taxonomic branches. For each case study, we generated in total 1000 training data points, out of 321 which 100 represented the category (iii), with an even distribution over the taxonomic levels. The 322 remaining 900 sequences representing categories (i) and (ii) were generated by randomly 323 . species taxonomy. In the weighted analysis, we assumed a priori that each sequence present in 338 our environmental sample represents one of the species known to occur in Finland with 339 probability 90%, and thus dividing the remaining probability of 10% among the remaining species. 340 We derived maximum a posteriori (MAP) parameter estimates for the PROTAX models using the 
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Evaluating the performance of PROTAX 346 We used the parameterized PROTAX models to perform taxonomic placements of both reference 347 sequences as well as environmental sequences. In the first set of analyses, we performed 348 taxonomic placements for 1000 validation sequences, which were chosen from the reference 349 sequence database in the same way as the training sequences described above. While PROTAX 350 yields for each of these the full probability distribution over possible outcomes, we selected here 351 only the outcome with the highest probability. We considered a taxonomic placement as 352 "plausible" if the classification probability was at least 50%, and as "reliable" if the classification 353 .
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Results
379
As expected based on our earlier results (Somervuo et al. 2016 ) and the fact that PROTAX is a 380 statistical model fitted to training data, PROTAX yielded essentially unbiased probabilities of 381 taxonomic placement for all the cases considered. This is evidenced by the fact that all lines in Fig.   382 2 generally follow the identity lines, the small deviations being attributable either to sampling 383 .
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The copyright holder for this preprint (which was . http://dx.doi.org/10.1101/070573 doi: bioRxiv preprint first posted online  14 error due to finite sizes of the validation data sets, or to issues related to model misspecification, 384 the latter of which we return to in the Discussion. The probabilities shown in Fig. 2 are level-385 specific, thus asking e.g. how well genera can be separated within a known family, or how well 386 species can be separated within a known genus. For high taxonomic levels, these probabilities are 387 lowest for fungi, which is consistent with the fact that for fungi there is the greatest amount of 388 overlap in sequence similarities among consecutive taxonomic levels (Fig. 1) . For example, if 389 within-species similarities are sometimes lower than among-species similarities, accurate 390 taxonomic placement to the species-level is not always possible. Beyond the above made trivial remarks, Fig. 3 shows a number of interesting results. As the first 405 result, that we derive from the taxonomic placement of the validation sequences, reliable species-406 level identification (dashed black lines in Fig. 3 ) was most successful for insects (74% of the 407 sequences), followed by mammals (46%) and fungi (15%). These numbers do not reflect only the 408 resolution of the barcoding sequences (Fig. 1) , but also the fact that the insect taxonomy and 409 reference sequence databases were restricted to species occurring in Greenland, whereas the 410 mammalian and fungal databases were global and thus were larger and more heterogeneous 411 (Table 1) . For mammals, full-length mt 16S sequences (black crosses in Fig. 3C ) can be expectedly 412 classified with much higher confidence than fragmented sequences (black dots in Fig. 3C ), the 413 .
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latter corresponding to the nature of the environmental data. In case of bacteria, reliable genus-414 level identification was possible for the majority (62%) of the cases. 415 As the second result, Fig. 3 shows that taxonomic placement of environmental sequences is often 416 less reliable than that of reference sequences (mammals and fungi), but sometimes environmental 417 sequences can be identified essentially equally reliably (insects) or even more reliably (bacteria) 418 than reference sequences. The main reason why taxonomic placement of environmental 419 sequences for mammals was much more difficult than that of reference sequences is simply that 420 in our case study the environmental sequences were very short fragments. If fragmenting the 421 reference sequences equally much (into 100 bp segments), their taxonomic placement became 422 essentially equally unreliable than that of reference sequences (lines with black dots in Fig. 3C ). In 423 case of fungi (Fig. 3A) , the reason for the difference between the taxonomic placement of the 424 reference and environmental sequences was not only a similar (though less pronounced) 425 difference in sequence length and quality as for mammals, but also the fact that the Finland, the proportion of reliable identifications increases dramatically from 3% to 14% (Fig. 3C) . 430 The reason why for the insect data (Fig. 3D ) the taxonomic placements are essentially equally 431 reliable for the reference and environmental sequences is that for this case study both kinds of 432 sequences were acquired by identical methods, i.e. Sanger sequencing of DNA sampled from 433 individual specimens. Thus, the only differences between the two were whether the specimens 434 were identified morphologically or not, and whether the specimens represent a random sample of 435 the community (environmental sequences) or whether they were targeted to represent the entire 436 community (reference sequence data). The most curious case is that of bacteria, where reliable 437 genus level taxonomic placements were more frequent for environmental sequences than for 438 reference sequences (Fig. 3B) . The likely reason here is that in this case the environmental 439 sequences originated from the food production pipeline, the bacterial communities of which 440 represent one of the most well studied groups, and thus are better covered in the reference 441 sequence database than bacteria in general. Muntjac; 43% identification probability) and Rusa unicolor (sambar; 27% identification 456 probability). Concerning bacteria, a large proportion of the sequences were assigned as 457 Lactobacillales, specifically to Streptococcaceae, Lactobacillaceae, and Leuconostocaceae (Figure   458 4). Further, the high proportion of Brochotrhrix observed by Hultman (2015) was supported by the 459 PROTAX results. Concerning insects, the majority of the species belonged to Diptera and the 460 minority to Hymenoptera. Among the total of 104 distinct species that were reliably identified, the 461 most common one was Drymeia segnis, which has been observed to be common in the study area 462 also based on morphological identifications (Rasmussen et al. 2013 ).
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In Supporting Information, we provide the same information as shown in Fig. 4 as interactive 464 HTML files, which allow the pie charts to be displayed using a standard web browser without any 465 additional plugins. This allows one to examine the taxonomic placements and their reliabilities in The copyright holder for this preprint (which was . http://dx.doi.org/10.1101/070573 doi: bioRxiv preprint first posted online  by Fig. 2 and the simulations by Somervuo et al. (2016) . However, it is important to understand 476 that the classification accuracy does not necessarily increase when taking all uncertainties into 477 account; it can rather be the opposite. To put it bluntly, it may be more tempting e.g. to claim that 478 the study detected the endangered mammal Giant Muntjac from a leech blood meal, rather than 479 to specify that this was the case with 43% probability, as the latter statement makes it explicit that 480 the species behind the sequence may actually have been some other one. However, making 481 uncertainty explicit is necessary for scientific reliability.
482
There are many choices to be done when applying DNA (meta)barcoding to an empirical case (Table 1) . Somewhat surprisingly, the bacterial 496 reference database appeared to represent also the vast majority of the environmental sequences, 497 with only very few missing branch identified (Fig. 4) . This however does not mean that the used 
18
The second set of choices to be made relates to the DNA barcode applied, as well as the 506 sequencing technology. As has been long pointed out, an optimal barcoding gene should involve 507 much variation among species but only little within a species (Meyer and Paulay 2005 sequences are identical, and thus PROTAX assigned for some of the specimens a probability close 517 to 50% for both of these species. To resolve such cases, a deeper genomic approach (Bourke et al. 518 2013) than the single gene DNA barcoding approach should be used.
519
The third set of choices relates to the way in which the training data in PROTAX are generated, 520 technically the prior assumed for the empirical data. This is probably the most critical and at the Thus, when classifying an environmental sequence e.g. to the species level under a known genus, 553 the parameters (and thus the influences of the predictors, such as sequence similarity) are 554 assumed to be independent of the genus. This assumption is not likely to hold for large and 555 heterogeneous taxonomic groups, such as all mammals or all fungi. An indication of this in our 556 results was that, at the species level, the parameter estimates obtained for mislabeling probability 557 were much inflated, being ca. 80% for mammals and ca. 60% for fungi. This does not suggest that 558 there is such a vast amount of mislabeling, but that PROTAX used the mislabeling parameter to 559 correct for model misspecification. Thus, an important challenge for future work is to further 560 develop the statistical model underlining PROTAX, either by building a hierarchical structure that 561 allows for heterogeneity in the parameterization, or by finding predictors that are able to correct 562 for such heterogeneity. 563 To conclude, molecular species identification by DNA barcoding and metabarcoding is an exciting 564 and rapidly evolving research field, which has major potential to change our understanding of the 565 structure and functioning of ecological communities. To make the use of these methods practical 566 and reliable, a key challenge is the completion and pruning of taxonomic and reference sequence 567 . 
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